Metabolic response to the triglyceride (TG)-lowering drug, fenofibrate, is shaped by interactions between genetic and environmental factors, yet knowledge regarding the genetic determinants of this response is primarily limited to single-gene effects. Since very low-density lipoprotein (VLDL) is the central carrier of fasting TG, identifying factors that affect both total TG and VLDL -TG response to fenofibrate is critical for predicting individual fenofibrate response. As part of the Genetics of Lipid Lowering Drugs and Diet Network (GOLDN) study, 688 individuals from 161 families were genotyped for 91 single-nucleotide polymorphisms (SNPs) in 25 genes known to be involved in lipoprotein metabolism. Using generalized estimating equations to control for family structure, we performed linear modeling to investigate whether single SNPs, single covariates, SNP -SNP interactions, and/or SNP -covariate interactions had a significant association with the change in total fasting TG and fasting VLDL -TG after 3 weeks of fenofibrate treatment. A 10-iteration fourfold cross-validation procedure was used to validate significant associations and quantify their predictive abilities. More than one-third of the significant, cross-validated SNP -SNP interactions predicting each outcome involved just five SNPs, showing that these SNPs are of key importance to fenofibrate response. Multiple variable models constructed using the top-ranked SNPcovariate interactions explained 11.9% more variation in the change in TG and 7.8% more variation in the change in VLDL than baseline TG alone. These results yield insight into the complex biology of fenofibrate response, which can be used to target fenofibrate therapy to individuals who are most likely to benefit from the drug.
Introduction
Elevated serum triglyceride (TG) level is an underlying risk factor for coronary heart disease (CHD), 1 even after controlling for other known lipoprotein risk factors such as low-density lipoprotein cholesterol (LDL-C) and highdensity lipoprotein cholesterol (HDL-C). 2, 3 It contributes to CHD directly by triggering vascular endothelial cell dysfunction and inflammation due to increased production of atherogenic TG-rich lipoproteins 4 and indirectly through its association with type II diabetes and abdominal obesity, both major risk factors for CHD. 5 Reducing high serum TG in individuals through diet or drug therapies has been shown to reduce adverse outcomes (ie, death or myocardial infarction) due to CHD.
2 Current TG-lowering therapy includes fibrates, niacin, and omega-3 fatty acids (fish oil). 6 Statins, which are often prescribed to lower LDL-C, may also have a mild TG-lowering effect in some patient populations. 7 Fibrates (which include fenofibrate, gemfibrozil, and bezafibrate among others) are the primary treatment for high TG and have a very low frequency of adverse events, 8 but there is significant interindividual variation in response to these drugs. 9 Fibrates bind to transcription factors called PPARs, which then migrate to the nucleus and affect transcription of target genes that are involved in the lipid metabolic pathway. 8 Fenofibrate reduces fasting TG level and induces a shift to a less atherogenic TG-rich lipoprotein profile. 10 The effects of fenofibrate on the levels of total plasma TG and circulating very low-density lipoprotein (VLDL) particles, the primary carrier of TG during fasting, 11 are mediated through its binding to PPAR-a. 8 The resulting up-and downregulation of a number of genes involved in lipoprotein metabolism lowers TG by several mechanisms: (1) reducing the availability of free fatty acids for TG formation, (2) increasing the catabolism of VLDL, and (3) reducing neutral lipid (cholesterol ester and TG) exchange between VLDL and HDL. 10, 12 Genes that are upregulated in response to PPAR-a include LPL, which is involved in TG lipolysis, 8 APOA5, which enhances LPL action and may restrict VLDL secretion from the liver, 8, 13 and several genes related to HDL-C metabolism including APOA1, APOA2, and FABP. PPAR-a also downregulates APOC3, an apolipoprotein that inhibits VLDL clearance. 8 Although the mechanism of fenofibrate's action is well characterized, significant interindividual variability in response to fenofibrate 9 limits the ability to predict individual response to the drug. This variation in fenofibrate response, like other complex phenotypes, is likely due to a combination of genetic and biological risk factors 14 and interactions among these factors. 15 In this study, the largest to date, we begin to characterize the genetic architecture of fasting TG response to fenofibrate drug therapy through the examination of independent genetic effects, interactions between genetic and demographic or biochemical factors, and interactions between pairs of genetic factors that are associated with changes in total plasma TG (mg/dl) and TG content of its largest constituent, VLDL particles, in response to fenofibrate. We identified 91 single-nucleotide polymorphisms (SNPs) in 25 genes that have been previously identified as playing a role in lipoprotein metabolism. 16, 17 The genes and polymorphisms tested are shown in Table 1 , and a more in-depth description of the functional role of the genes is found in Supplementary Table 1 . The polymorphisms chosen for this analysis have been previously shown to have a functional effect on lipid metabolism either alone or through interaction with dietary factors. 18 -23 Variations in these genes have also been shown to affect response to pharmacological intervention with fibrates and other drugs. 24 -26 We examine the effects of these variants on fenofibrate response using a comprehensive, systematic approach that evaluates the role of many genes, many demographic and clinical covariates, and their interactions. Identifying the constellation of genetic and demographic and/or biochemical factors that interact to affect response to fenofibrate will provide insight into the complex mechanism of action of fenofibrate and may improve physicians' ability to identify individuals likely to respond to fenofibrate treatment.
Materials and methods

Sample
The sample for this study consisted of 688 Caucasian participants from 161 families that participated in the Genetics of Lipid Lowering Drugs and Diet Network (GOLDN) study, which was approved by the Institutional Review Boards at the University of Alabama, the University of Minnesota, the University of Utah, the University of Michigan, and Tufts University. Participants were recruited from two NHLBI Family Heart Study field centers, Minneapolis, MN and Salt Lake City, UT, as described by Lai et al. 27 In each case, only families with at least two siblings were recruited, and only participants who did not take lipid-lowering agents (pharmaceuticals or nutraceuticals) for at least 4 weeks prior to the initial visit were included.
Protocol
Participants took part in two clinical visits, at least 3 weeks apart. During both visits, blood was drawn after a 12 h fast and analyzed for TG level, lipoprotein levels, total cholesterol, insulin, and glucose. Age, sex, blood pressure, weight, height, waist-to-hip ratio, and smoking status were ascertained at the initial clinical visit. TG was measured by the glycerol-blanked enzymatic method (Roche Diagnostics Corporation, Indianapolis, IN, USA). VLDL -TG was measured by NMR, a method that has been shown to have a high degree of correlation with the more traditional method of ultracentrifugation separation in the GOLDN population. 28 Between the initial and follow-up clinical visits, participants took 160 mg of fenofibrate per day (TriCor s , Abbott Laboratories, Chicago, IL, USA). Fenofibric acid, the active moiety of fenofibrate, was measured by HPLC and the area under the serum fenofibric acid concentration versus time curve was calculated from three measurements over a 6-h period following the last dose of fenofibrate. 29 Plasma insulin and glucose levels were measured before and after fenofibrate treatment, and the change in insulin and glucose levels after fenofibrate treatment was calculated.
Genotyping Ninety-one SNPs from 25 genes known to be involved in lipoprotein metabolism were identified through the genetic association literature and in some cases additional SNPs within a gene were identified using public databases such as dbSNP (http://www.ncbi.nlm.nih.gov/SNP/). SNPs were genotyped using the Applied Biosystems TaqMan SNP genotyping system according to the laboratory protocol (Applied Biosystems, Foster City, CA, USA). Internal controls and repetitive sampling methods were used to ensure genotyping quality. The overall genotyping error and missing genotype call rate were approximately 1%. SNP allele and genotype frequencies and P-values for tests of the Hardy -Weinberg equilibrium are provided in Supplementary Table 2 .
Statistics
All analyses were carried out using the R statistical language, v.2.4. 30 Correlations between clinical covariates were estimated using Pearson's product moment correlation. Allele and genotype frequencies were calculated using standard gene counting methods. Linkage disequilibrium (LD), as measured by r 2 , was estimated using an expectation maximization algorithm. 31 The Hardy -Weinberg equilibrium was assessed using a w 2 test or Fisher's exact test if a genotype class had less than five individuals. 32 Covariates showing a large deviation from a normal distribution in diagnostic plots, such as fasting TG, were log 10 -transformed. Five individuals were considered outliers (44 standard deviations from the mean) and were removed from the analysis due to extreme values of DTG. If an individual had a missing value for a single SNP or covariate, the individual was excluded from association tests involving that variable. TG or VLDL -TG response to fenofibrate was defined as the difference between fasting TG and VLDL -TG concentration in mg/dl at the first and second visit, denoted DTG and DVLDL. In all models, DTG and DVLDL were adjusted for age, sex, waist-to-hip ratio and smoking status (ever versus never) because these variables have known associations with serum lipoprotein levels 33 -35 or because they were statistically significant predictors of TG and lipoprotein variables in this data set. A person was considered as having ever smoked if they had smoked more than 100 cigarettes during their lifetime. We employed a two-step testing strategy to reduce the number of false-positive results. In step 1, we tested for associations between each of the predictors (SNPs and clinical covariates) with DTG and DVLDL in the full data set using least-squares linear regression methods. 36 We also tested for association between each single SNP and each covariate to discern whether a SNP's effect on the outcome was being mediated through a particular covariate. Results were eligible for step 2 if the predictor was significant at a P-value r0.1. To determine if interactions among predictors explained additional variation in either outcome, we tested pairwise interactions among all possible pairs of predictors (ie, SNP -SNP, SNP -covariate, and covariatecovariate interactions) in the full data set. Associations involving interactions were assessed with a partial F-test, 37 which compares a full model that includes both the interaction terms and the main effects of the variables comprising the interaction terms to a reduced model that includes only the main effects. Interaction models that had a partial F P-value r0.1 were eligible for step 2.
In step 2, associations (main effects or interactions) with P-values o0.1 in step 1 were evaluated for their predictive ability in independent test samples using a 10-repetition fourfold cross-validation strategy. 38, 39 Cross-validation is an internal validation strategy that seeks to reduce falsepositive results by eliminating associations that lack predictive ability in independent test sets. 40 Because complex traits are likely influenced by a number of moderate genetic effects, P-value correction can be overly conservative and can lead to the removal of important associations. Cross-validation provides a direct assessment of the predictive ability of an association in a new, independent sample of individuals and does not depend strictly (ie, monotonically) on the P-value of an association. Results can be prioritized based on cross-validation, and only those that meet a preset threshold of predictive ability are considered potential 'true positives.' Crossvalidation methods have been widely used over the last decade in genomic, 41, 42 metabolomic, 43 proteomic, 44, 45 and transcriptomic 46 -48 studies as a method for discriminating between true associations and false-positive associations. For each association, the fourfold cross-validation procedure began by randomly dividing the sample into four equally sized groups without regard to family structure. Three of the four groups were combined into a training data set, and the modeling strategy outlined above (in step 1) was carried out to estimate model coefficients for the training data set. Models were then applied to the fourth group, the testing data set, to make predictions about the value of the outcome variable of each individual in the independent test sample. This process was repeated for each of the four testing sets. Predicted values for all individuals in the test set were then subtracted from their observed values, yielding the total predictive error variability (SSPE), P n i¼1 ðy i Àŷ i Þ 2 . The total variability in the outcome (SST)Fthe difference between each individual's observed value and the mean value for the outcomeFwas then calculated, P n i¼1 ð y À y i Þ 2 . To estimate the proportion of variation in the outcome predicted in the independent test samples the cross-validated R 2 (CV R 2 ) was calculated as follows: CV R 2 ¼ SSTÀSSPE SST . Cross-validation provides a more accurate measure of the predictive ability of the genetic models than the R 2 values from linear modeling and will be negative when the model's predictive ability is poor. Because random variations in the sampling of the four mutually exclusive test groups can potentially impact the estimates of CV R 2 , this fourfold cross-validation procedure was repeated 10 times for each association and the CV R 2 values were averaged. 38 Univariate associations and interaction effects were considered cross-validated if the average percentage of variation predicted in independent test samples was greater than 0.5. Each association that was validated in independent test samples in step 2 was then analyzed to determine whether the family structure in the sample influenced the observed association in the full data set. Generalized estimating equations were used to adjust the standard errors of the coefficients in both univariate and pairwise interaction models. 49 We considered cross-validated associations with a P-value 40.1 on a global Wald test to be significantly influenced by family structure and therefore did not report them as cross-validated associations.
To visualize the complex genetic architecture, we applied a novel data visualization scheme, the KGraph, described by Kelly et al. 50 The KGraph was developed for the visualization of multilocus genetic association results in the context of the underlying relationships among the predictors. We used the KGraph to simultaneously display significant univariate associations and pairwise interactions with the outcomes of interest, DTG and DVLDL, as well as the relationships among the predictors including SNP -SNP frequency correlations (ie, LD), SNP -covariate associations, and covariate -covariate correlations. Understanding that total TG and VLDL -TG response to fenofibrate treatment is a complex system unlikely to be adequately explained by a single polymorphism or interaction, we constructed several prediction models using the four top-ranked significant cross-validated SNP -SNP and SNP -covariate interactions (ie, those that had the greatest predictive utility for the outcomes, DVLDL and DTG). As a point of reference, we compared these multivariable prediction models to a model including only baseline TG.
Results
Descriptive statistics of the clinical covariates and outcomes are shown in As described in the Methods section, association results were subjected to a two-step analysis process intended to reduce the occurrence of false-positive results and to identify associations with predictive ability in independent test samples. Table 3 shows the number of associations meeting the criteria for each of the steps (significant association and cross-validation) and the percentage of tests from the association step that cross-validated. For example, the 91 SNPs were evaluated for their association with DVLDL and DTG and in each case, 13 SNPs (14%) showed significant association with the outcome but only one SNP (APOA5_S19W) was validated in independent test samples by predicting 40.5% of the variation in each of these traits. In contrast, there were 1183 tests of SNPcovariate interactions for each outcome, and 156 (13%) tests were significant in each case, with 34 (3%) validated interactions predicting DVLDL and 25 (2%) validated interactions predicting DTG. Similarly, there were 4095 tests of SNP -SNP interactions for each outcome; 54 (1%) interactions were validated as predictors in independent test samples for DTG and 54 (1%) interactions were validated as predictors in independent test samples for DVLDL. While P-values and CV R 2 were moderately correlated in tests with P-value r0.01 (R 2 ¼ 0.13), Figure 1 demonstrates that there is also a moderate amount of discrepancy between the two methods. Figure 2 is a visual representation of the complex genetic and clinical covariate associations underlying the DTG and DVLDL outcomes. Using both color and spatial relationships, the KGraph presents both associations with outcomes of interest and the correlation structure of the predictors that underlie those associations. SNPs without at least one significant and cross-validated association either univariately or interacting with another SNP or covariate in either outcome were excluded from display on the KGraph. T-test P-value between men and women. b Adjusted for age, sex, waist-to-hip ratio, and smoking status (ever versus never). Figure 2 , shown in green, displays the association between the SNPs and clinical covariates. Though this step is often overlooked in association studies, understanding the relationship between SNPs and the covariates can be informative in discerning how the SNPs' effect on the outcome is mediated. In this region, there are a number of cross-validated associations between SNPs in the apolipoprotein gene cluster, which contains APOA1, APOA4, APOA5, and APOC3, and fasting baseline TG or cholesterol. Region 2, shown in gray, illustrates the correlations between the covariates. The majority of the covariates are not significantly correlated (|r|o0.3), with only two pairs (glucose before and after fenofibrate treatment and insulin before and after fenofibrate treatment) highly correlated (|r|40.6). LD between SNPs is shown in red in Region 3. Most of the LD observed occurs between SNPs within the same gene, primarily in APOC3, and among other SNPs in the apolipoprotein gene cluster.
Region 1 of
The remaining regions are colored in blue, and they represent associations with DTG and DVLDL. In these regions, the upper right section of the cells represents results for DTG and the lower left section represents results for DVLDL. Cross-validated associations are indicated by a black bar. Region 4, which displays the univariate association between clinical covariates and the outcomes, shows that baseline TG, cholesterol, and both insulin and glucose before fenofibrate treatment have cross-validated associations with both DTG and DVLDL, while fenofibric acid area under the curve, glucose level after fenofibrate, and waistto-hip ratio have cross-validated associations with DVLDL but not DTG. Region 5, which illustrates univariate association between the SNPs and the outcomes, reveals that only one SNP in APOA5 (APOA5_S19W) has a crossvalidated association with both DTG and DVLDL.
Region 6 displays the covariate -covariate interactions significantly associated with DTG and/or DVLDL. The majority of the cross-validated interactions were observed between fasting baseline TG and measures of glucose and insulin level before and after fenofibrate and between fenofibric acid area under the curve and insulin level before and after fenofibrate.
Region 7 displays the interactions between the SNPs and covariates that were associated with DTG and/or DVLDL. A complete listing of all significant and cross-validated SNP -covariate interactions and the corresponding relationships between genotypes and phenotypes are provided in Supplementary Tables 3, 5 , and 6. Five of the clinical covariates (sex, baseline TG, fenofibric acid area under the curve, baseline glucose, and change in glucose after fenofibrate) accounted for a large portion of SNP -covariate interactions: 15 (60%) of the validated interactions predicted DTG and 16 (47%) of the validated interactions predicted DVLDL. The predictive abilities of these interactions ranged from 0.50 to 1.90% (mean ¼ 0.89%) for DTG and 0.51 -1.47% (mean ¼ 0.92%) for DVLDL. The DR 2 Â 100 (11) 252 (6) 54 (1) a Model P-value for single SNP models; partial F-test P-value for the full and reduced models (interaction terms only) for the interaction models. b More than 0.5% variability explained in independent test samples. Cross-validation was performed on all associations with Pr0.1. This column includes only associations that remained significant with GEE modeling. c Adjusted for age, sex, waist-to-hip ratio, and smoking status (ever versus never).
Figure 1 Partial F-test P-values versus CV R
2 for SNP -covariate and epistatic (SNP -SNP) interactions predicting DTG and DVLDL. Percent variation explained in independent test samples (CV R 2 ) versus Àlog 10 partial F-test P-value for SNP -covariate and epistatic (SNP -SNP) interactions that were significant in DTG or DVLDL (partial F-test P-value r0.1). R 2 for the correlation between Àlog P-value and CV R 2 is 0.13. Lines are shown at Àlog P ¼ 0.05 and CV R 2 ¼ 0.5%. values (adjusted R 2 from the model including interactions minus adjusted R 2 from the main effects only model) for the same interactions, which range from 0.58 to 2.29% (mean ¼ 1.35%) for DTG and 0.67 -2.40% (mean ¼ 1.39%) for DVLDL, are generally overly optimistic. Baseline glucose and the area under the fenofibric acid concentration curve, a measure of an individual's plasma level of the active form of fenofibrate over a 6 h time period, were most sensitive to genetic context. They each interacted with five SNPs in their effect on DVLDL and also interacted with three SNPs in their effect on DTG. Sex interacted with three SNPs in its effects on DTG and on DVLDL, and baseline TG (log) and change in glucose after fenofibrate had three interactions with SNPs in their effects on DTG. Overall, four SNPs are responsible for a large portion of the SNP -covariate interactions that predict DTG (APOA4_M35, APOC3_3U386, ABCA1_I27943, and LIPC_T224T). Together, these SNPs account for eight (32%) of the validated SNP -covariate interactions in their effect on DTG, with predictive ability ranging from 0.52 to 1.29% (mean ¼ 0.82%) and DR 2 Â 100 values ranging from 0.73 to 1.33% (mean ¼ 1.02%). With respect to predicting DVLDL, four SNPs are responsible for a substantial proportion of the SNP -covariate interactions (ABCG8_C54Y, LIPC_i67180, FABP1_m2353, and FABP1_T94A). These SNPs account for 10 (29%) of the validated SNP -covariate interactions for DVLDL, with predictive abilities ranging from 0.56 to 1.47% (mean ¼ 0.90%) and DR 2 Â 100 values ranging from 0.87 to 2.40% (mean ¼ 1.41%). For both outcomes, the remaining SNPs were involved in at most one validated interaction with a covariate (see Supplementary Table 3 for details). Region 8 displays the epistatic interactions among the SNPs that have a significant and validated predictive ability for DTG and DVLDL. As with SNP -covariate interactions, a large proportion of epistatic interactions are accounted for by a small number of SNPs. The SNPs that have the most interactions that were validated as predictors of DTG are APOA5_S19W with six interactions, PDZK1_i4201 with five interactions, and APOA1_M2630 and FABP1_T94A with four interactions each. Together, these SNPs account for 16 (30%) of the validated epistatic interactions that predict DTG, have predictive abilities ranging from 0.53 to 2.19% (mean ¼ 0.85%), and have DR 2 Â 100 values ranging from 0.71 to 2.80 (mean ¼ 1.58%). The SNPs with the most interactions that were validated as predictors of DVLDL are APOA5_S19W with six interactions, APOB_E4181K with five interactions, and APOA1_M3012, APOB_T2515T, and APOC3_3U386 with four interactions each. These SNPs account for 18 (33%) of the validated epistatic interactions that predict DVLDL, have predictive abilities ranging from 0.51 to 2.42% (mean ¼ 0.81%), and have DR 2 Â 100 values ranging from 0.52 to 2.56% (mean ¼ 1.18%). A complete listing of all significant and cross-validated epistatic interactions is given in Supplementary Table 6 .
Results for the multivariable modeling using the topranked SNP -SNP and SNP -covariate interactions are shown in Table 4 . Only two of the SNPs used in the models had cross-validated associations with any of the covariates (PPARG_P12AEB with fenofibric acid area under the curve and PPARG_C1A i27289 with insulin after fenofibrate), which indicates that the associations between these topranked SNPs and the outcome is not primarily a result of their relationship with the covariates. A model that includes the four top-ranked epistatic (SNP -SNP) interactions minimally increases the percentage of variation explained beyond that explained by baseline TG alone (0.4% for DTG and 0.4% for DVLDL). However, a model that includes the four top-ranked SNP -covariate interactions significantly increases the percentage of variation explained beyond baseline TG (11.9% for DTG and 7.8% for DVLDL). 
Discussion
Understanding the genetic architecture that underlies a person's TG response to fenofibrate will help identify those who will most likely benefit from fenofibrate treatment and shed light on the complexities of the network that controls the metabolic response to drugs such as fenofibrate. By looking beyond simple, single SNP effects and examining interactions between SNPs and clinical covariates and pairs of SNPs, this study takes an important first step toward the mapping of this genetic architecture. The key factor in an analysis such as this is to attempt to appropriately model the system's complexity to the extent possible. Fasting TG response to fenofibrate treatment is influenced by environmental changes (at both the cellular and organismal levels) and large-scale gene expression networks that are controlled in part by genetic variations. A study of this size is unlikely to be adequately powered to reconstruct this network in its entirety, but can be used to begin constructing a better map of the gene -covariate interactions and associations that play a role in interindividual variation.
As the number of SNPs considered in an association study increases, so does the problem of separating true results from spurious results caused by random chance. 51 Attempts to combat this problem often focus on P-values, with the rationale that by choosing the models least likely to be found by random chance alone, the probability of including a false positive will be greatly reduced. 52 Unfortunately, when considering a complex trait, the effect sizes of individual SNPs and pairwise interactions are generally fairly small. This limits the significance level that these models are able to attain in typical epidemiologic studies, which means that true positives may be removed during P-value adjustment. Additionally, the very low P-values that are required for an association to remain significant after adjustment (eg, by Bonferroni correction or false discovery rate adjustment) are likely to be obtained by SNPs with low minor allele frequencies that capture groups on the extreme of the phenotypic tail (sometimes simply by chance alone).
We approached the problem from a different direction. The utility of the associations being investigated lies in their ability to make a prediction about the outcome of interest, so it is natural to select the best models based on predictive ability. By using a cross-validation procedure that successively leaves one quarter of the data out and constructs genetic models in the remaining three quarters of the data, we can estimate the performance of the model on a new, independent sample of individuals from the same population.
Interestingly, the correlation between P-value and CV R 2 is moderate at best (Figure 1) , and many associations with only marginally significant P-values have a non-negative CV R 2 . With the movement toward genome-wide association studies that measure hundreds of thousands of SNPs, the problems in correcting for multiple testing will be magnified. Cross-validation is an attractive option to genetic epidemiologists both because it offers a direct assessment of an association's predictive utility and because of the relative simplicity and stability of the cross-validation estimate. 38 In addition, replication in an independently collected sample has become the standard tool to validate genetic association results. However, no comparable samples exist for specialized intervention trials such as this one. In the absence of replication samples, cross-validation gives us the ability to validate our results while simultaneously assessing their predictive capacity. Without a replicate sample, however, we cannot estimate whether the predictive ability of the multiple variable models established in this data set would be the same in other data sets.
The 91 SNPs investigated in this study span genes known to be involved in many facets of lipid metabolism. Interestingly, 78 of them (86% of the SNPs) have at least one significant cross-validated association with a clinical covariate or have at least one epistatic or SNP -covariate interaction that predicted either outcome. It is sobering but not completely unexpected that individual polymorphisms and interactions make relatively small contributions to explaining the variation in DTG and DVLDL. However, the percentage of trait variation explained by SNPs in this study is similar to that observed in studies of other complex phenotypes. For example, a recent genomewide association study of diabetes and associated traits showed that the single SNPs most strongly associated with TG level explained between 0.5 and 1.2% of the residual variance of TG level after adjustment for traditional risk factors. 53 A candidate gene study of blood pressure phenotypes found that the CV R 2 of the most predictive SNPs for systolic blood pressure ranged between 1.9 and 6.2%. 54 Combining these individual interactions into a multiple variable model did increase the amount of variation explained, even if only moderately in the case of epistatic interactions. We do note that, in general, non-crossvalidated genetic models all overestimate the contribution of each predictor or interaction, so it is likely that the percentage of variation explained using cross-validation, while small, is a more realistic estimate than R 2 values obtained without cross-validation. The large number of SNPs involved in significant crossvalidated interactions illustrates the complexity of the network underlying these traits, comprising single gene effects and interactions among multiple variations in many genes as well as their interaction with clinical factors. Also, while there is substantial overlap between the clinical factors and interactions that predicted DTG and DVLDL, there is also evidence of associations that are unique to each outcome, which shows that there are genetic and environmental interactions that affect the TG response to fenofibrate during fasting that lie outside of the metabolism of VLDL particles.
As genotyping has become increasingly less expensive, the scale of genetic association studies has risen dramatically, 55 but most studies, even genome-wide studies, concentrate on single, univariate associations. There is no denying that some single polymorphisms can significantly influence physiology; many diseases are the result of a single genetic error with serious phenotypic consequences. Complex, non-Mendelian traits, however, are likely influenced less by single polymorphisms than by interacting effects, particularly epistatic interactions. 56 Our results
indicate that a wealth of pairwise interactions can be found even in this fairly limited subset of polymorphisms. Methods, such as the multivariable modeling approach that we describe, must now be developed that will allow the integration of these results into a predictive framework, so that the understanding of the genetic architecture of TG response to fenofibrate treatment can be refined and harnessed.
